In India, caste shapes access to a variety of resources and outcomes mainly through its influence on inter-generational prosperity, but also the linked phenomenon of discrimination. This paper examines whether caste-based differences in access to formal agricultural loans reflect discrimination in banks' lending. We find, first, that there are significant caste-based differences in loan application rates.
Introduction
Caste as a form of social identity remains an enduring predictor of economic status in India. It is correlated with occupation and employment (Prakash, 2015; Ito, 2009; Thorat and Attewell, 2007) , income and expenditure (Deshpande, 2000) , and capital more generally (Kijima, 2006) . Caste thus remains an important indicator of socioeconomic disadvantage. One important avenue through which caste can influence income and productivity in the rural sector is by shaping access to agricultural credit. Agriculture is the largest employer in India, and due to the gap between sowing and harvest credit is usually needed to be able to purchase various inputs (Conning and Udry, 2007) . The question of whether caste influences access to credit is thus important, and while there is a general agreement that it does (Kumar, 2013; Pal, 2002; Government of India, 2007) , the reasons for these differences are less clear. One particular concern is whether lenders discriminate on the basis of caste (Kumar, 2013; Dréze et al., 1997) . This paper delves into why caste influences access to agricultural credit, and whether banks discriminate on the basis on caste. We use nationally-representative data from the 2011-12 round of the India Human Development Survey (Desai and Vanneman, 2015) , which enables us to study the decision to apply for a loan separately from the subsequent approval of this application. Previous studies in this area have studied the determinants of access to credit including caste (Kumar, 2013; Pal, 2002) and whether farmers are creditconstrained (Kochar, 1997) . These studies control for credit-worthiness characteristics including land-ownership, household demographics, and indicators of economic status, but do not control for the decision to seek credit. To our knowledge, our paper is the first attempt to study agricultural lending using data that include information about loan applications, thus enabling us to explicitly distinguish between lender-based differences in loan approval rates and borrower-based differences in the demand for credit.
To make sense of caste-based discrimination in accessing credit, it is useful to note the parallels with discrimination in labor markets (Thorat and Attewell, 2007; Altonji and Blank, 1999) and the role of racial and gender-based discrimination in accessing bank credit in the USA (e.g. Blanchflower et al., 2003; Blanchard et al., 2008; Asiedu et al., 2010) . The definition of discrimination commonly employed in economics to study this phenomenon was proposed by Gary . Discrimination occurs if the differences in some outcome (loan approvals, wages) based on race, caste, or a similar attribute, are not 'objective'. That is, if residual differences remain even after taking into account all possible borrower or worker characteristics that are relevant to the outcome, and are attributed to a 'taste' for discrimination on the part of the bank or employer. Viceversa, discrimination due to 'objective' reasons -credit worthiness, ability -can be called statistical discrimination. A third way in which outcomes might differ systematically by caste or gender or race is if expectations depend on belonging to a certain such category.
For instance, members of one group might be less likely to expect, and thus demand, better pay (Chevalier, 2007) .
In this paper we attempt to distinguish between these three phenomena. Castes are usually categorised into four major groups, viz. Scheduled Castes (SCs; the most disadvantaged), Other Backward Classes(OBCs; of middling disadvantage), Brahmins/Others, the traditionally privileged higher castes, and Scheduled Tribes (STs; also very disadvantaged).
1,2,3 Analysing the decision to apply for credit, we are able to estimate caste-wise residual differences in loan application rates having controlled for various indicators of socio-economic status.
Our first main finding is that a major part of caste-wise differences in access to loans can be explained by differences in application rates. These differences mirror patterns of socioeconomic disadvantage, but persist even after accounting for socioeconomic status.
1 There is substantial and enduring complexities and political agitation around the categorisation of castes as OBC (Ramaiah, 1992) .
2 STs are not technically part of the caste system. Yet tribals are one of the most disadvantaged peoples in India, and most analyses of caste therefore include the ST category, as does the current paper.
3 It is generally agreed that the caste system applies not only to Hindus but to followers of other religions in the Indian subcontinent as well.
SCs and STs, the two most disadvantaged groups, are 16-20% less likely to apply for loans than are Brahmins and OBCs. We cannot explain why these differences exist, but a likely explanation seems that they reflect expectations about loan approval, which therefore reflect caste-wise disadvantage in other realms of life.
Next, by analysing loan approvals for those who applied, we aim to isolate taste-based discrimination from plausible sources of statistical discrimination. As a first attempt, we control for the covariates plausibly linked to credit-worthiness in an agricultural context, and interpret caste-wise residuals as evidence of lenders' taste discrimination. Our second main finding is that once the decision to seek credit is controlled for, Brahmins, OBCs and SCs all have near-equal chances of having a loan approved, but that ST borrowers are 5-7% less likely to have a loan approved.
Yet our data are observational, and it is possible that an important unobservable might lead to an underlying caste-wise statistical difference being (mis)interpreted as evidence of taste-based discrimination. We examine this possibility through a simulation approach, and we believe this is an important methodological contribution of the paper. We adapt an approach suggested by Ichino et al. (2008) and Rosenbaum and Rubin (1983) to simulate a binary 'credit history' variable, since credit histories are not recorded in our data, but could be important determinants of loan approvals. We then study how the residual effect of caste-group belonging on loan approvals changes with different distributional assumptions for these simulated credit histories. Through this exercise, we argue that the lower loan approval rates for STs are likely robust to STs being poorer credit risks as a group, or in other words, that STs do likely face taste-based discrimination from banks.
Finally, we divide our data into subpopulations and analyse these separately to further investigate caste-based differences. We find that the apparent discrimination against STs is visible mainly in states with substantial ST populations, and not where they are a small minority. We also divide the sample according to land ownership to indirectly 3 examine affirmative action guidance provided by the Reserve Bank of India (RBI).While caste-based reservations in government jobs and in admissions to educational institutions (Bertrand et al., 2010) are more prominent affirmative action initiatives, the RBI has long directed bank lending towards disadvantaged groups (Reserve Bank of India, 2014 , 2004 , 2008 Sriram, 2007) . These policies are especially significant for agricultural lending in rural India, where expanding formal bank credit is thought to be key to increasing rural incomes, and they encourage banks to lend to 'small' farmers, viz. those who own at most 5 acres of land. We find indirect evidence as to the success of this guidance, since caste-wise patterns for loan applications and approvals are very muted for small farmers, and the overall patterns of difference are in effect explained by lending patterns amongst larger farmers.
The reminder of the paper is structured as follows. Section 2 presents the data, while section 3 lays out our empirical approach. Results are presented in section 4, and section 5 discusses their implications.
Data
We use data from the second round of the India Human Development Survey, a nationallyrepresentative household survey undertaken in 2011-12 (Desai and Vanneman, 2015) .
These data provide information on a rich set of social, economic and demographic characteristics which are well suited to analysing the determinants of households' borrowing and debt from formal and informal sources. We focus only on bank, i.e. formal sector loans in the current paper. Such loans are widely considered superior than what the informal sector provides, owing to the usurious lending practices in the latter. The question of caste-based differences is therefore of policy and more general importance for the formal sector. It is also usually assumed that given a choice, farmers would opt for formal sector loans (e.g. Kochar, 1997) . Therefore, excluding informal sector borrowings 4 is also unlikely to compromise the identification of caste-based differences in application and approval rates for formal sector loans.
This survey is especially useful since households were asked not only to list what loans they did have, but crucially, whether they had applied for loans from various sources, and the success of those applications. In the Indian context this question is critical to exploring whether any caste-wise differences in loan patterns do indeed reflect discrimination on the part of lenders, and to our knowledge, no other large-scale household survey in India has asked this question.
4 As per the questionnaire, details about agricultural bank loans in terms of outstanding loans, applications, and approvals, refer to a loan taken during the five years preceding the survey from a bank for the stated purpose of furthering agricultural business or purchasing agricultural equipment.
The second round of the IHDS data currently consist of individual and household-level information, but village-level information are covered only in the first round of the survey that took place in 2004-05. In particular, the presence of a bank in the village or distance to the nearest such is potentially an important covariate that helps control for loan supply.
But, since the data on village covariates are from the earlier survey round, we present results with and without including them.
We focus on farmer households, which we define as those households who report that a) their main occupation is cultivation, and b) that they cultivate land. In terms of regions, we exclude Jammu and Kashmir, the North-Eastern states, and small states and Union
Territories since these account for very few loans. Table 1 presents means and proportions for all variables by caste-group, and all statistics shown are population estimates that take survey weights into account, as do all our estimations.
Caste-wise means and proportions follow expected patterns in that land ownership, rent- 
Empirical framework
Our analysis seeks to estimate the residual effects of caste belonging on the demand for loans, as well as their subsequent approval. We use Logit specifications to model both the decision to apply for an agricultural loan, and conditional on this, the bank approving this application.
For household i, let Y 1i and Y 2i denote the binary outcomes of applying for an agricultural bank loan and, respectively, having this application approved and thus receiving a loan.
We model the probability of each outcome using a logit specification:
Here X is a vector of covariates that includes caste-group dummies and β is a vector of coefficients that we seek to estimate.
Unbiased estimation of the residual effects of caste-group on loan applications and the approval thereof requires controlling for household characteristics that influence the decision to apply for credit, and, respectively, to the bank's decision to approve that application.
To this end we include variables known to influence access to credit (see, for example, Pal, 2002; Swain, 2007) , including household income and land owned -the latter the primary form of collateral demanded by banks.
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Second, we must control for the supply of loans. For loan applications, distance to the nearest bank (including if such is present in the village) is an important indicator both of supply as well as a potential proxy of a bank's knowledge about potential borrowers.
We include this distance as a village-level covariate, together with two indicators of development and connectedness, viz. the proportion of households with electricity, and the distance to the nearest town/city. Unfortunately the data on these covariates are not ideal, since they are from an earlier round of the IHDS survey conducted in 2004-05.
Analyses of racial discrimination in access to mortgage or small business loans typically also control for past repayment histories and default behaviour (e.g. Blanchflower et al., 2003) . Since credit ratings and the bureaus that maintain such information are not prevalent in the rural Indian context, it is unlikely that banks use such information systematically. Nonetheless, credit histories or ratings are a potentially important influence on loan applications, and to the extent that they might be correlated with caste-group, their exclusion could lead to biased estimates. In particular, information on repayment rates or credit histories is important to distinguish between statistical discrimination (owing to caste-repayment correlation), and taste-based discrimination. We can infer the latter should residual caste-wise differences persist even after controlling for repayment histories.
However, the data do not provide information on repayment histories or a suitable proxy.
Instead, we therefore examine their potential role through a Monte-Carlo simulation technique adapted from Ichino et al. (2008) . This approach tests the sensitivity of our estimation results to the presence of an unobservable. Section 4.1 details the method, and the intuition is as follows. Excluding credit histories would lead to biased estimation provided credit histories are correlated with caste-group as well as a bank's decision to lend. Thus, we can simulate a variable that is correlated with both a caste-group of interest and loan approvals and re-estimate our results. Using Monte-Carlo draws and varying the correlation between the simulated variable and, respectively, caste-group and loan approval, we can study the distribution of caste-group residuals by repeatedly re-estimating the model. The difference between these distributions and the estimates obtained without the simulated variable provide a handle on the sensitivity of results, and thus the potential importance of credit histories.
Results
The first three rows of table 1 provide (unadjusted) caste-wise proportions in terms of access to credit. The first row confirms that there exist substantial inter-caste differences in loan access, and in particular, SC and ST borrowers have relatively low access to credit.
These proportions are the type of statistic provided in official reports such as National Sample Survey Organisation (2005), and previous analyses essentially examine how these proportions change once borrower characteristics are accounted for, but do not differentiate between loan applications and their approval (e.g. Kumar, 2013) . In contrast, this paper aims to investigate the role of caste in both applications and approvals. The second row shows that inter-caste differences in loan applications might indeed explain patterns of overall access in part. Third row suggests that loan approvals are also not uniform across all caste-groups: while around 90% of loan applications by Brahmins, OBCs and SCs are approved, the proportion for STs is only 81.5%. Our empirical approach thus aims to rigorously examine the loan application and approval statistics, and analyse the extent of residual inter-caste differences that remain once we control for household characteristics that proxy ability, credit-worthiness, and access. rented out and rented in, and income and consumption expenditure, while row 3 adds the age and sex of the household head, the years of education of the most educated male and female members, household size, and the proportion of adult males and females. Row 4 adds village-level information on distance to the nearest bank and to the nearest town/city, and the proportion of households with electricity. In general, as we move from simpler to more complex models, inter-caste differences in both applications and approvals are reduced as more covariates are controlled for. The odds ratios become closer to unity even though, as the p-values suggest, substantive inter-caste differences persist.
To examine how these estimation results relate to unadjusted the caste-wise proportions in that residual inter-caste differences in loan application rates are an important factor behind differences in overall access to credit. It also suggests, as we discuss in section 5 in detail, that attempts to reduce inter-caste disparities in this access are unlikely to yield swift results, since at least for SC and ST borrowers, these inter-caste differences might well reflect historical experiences of disadvantage and discrimination.
Next, columns 6-9 show that Brahmins, OBCs and SCs all have similar rates of loan approval, but that the corresponding rate for STs is 5-7% lower. This marked residual difference despite controlling for a rich set of relevant covariates suggests that banks might discriminate against STs. However, while we have controlled for important components of credit-worthiness -in particular in the form of collateral (land) and incomes -the data do not have information credit histories. We now investigate this issue through a simulation approach, to gauge the potential influence of unobserved credit histories on caste-group residuals for loan approvals.
A simulation approach to unobserved credit histories
Suppose that credit histories influence banks' decisions to approve agricultural loans, and that as a group, STs have inferior credit histories compared to non-STs. Then, the residual negative effect of ST group-belonging on loan approvals might in fact get partially or fully explained away by controlling for loan histories in equation 1. In other words, while our results suggest that banks discriminate against STs, the absence of this variable in the data means that we cannot infer whether the discrimination is statistical -if STs have worse credit histories on average -or taste-based. This is a crucial question from the perspective of understanding how banks, a central financial institution in rural India, approach the question of caste, and indeed whether there are parallels here with race and gender-based discrimination in other contexts.
We approach this problem using Monte-Carlo simulation, adapting an approach suggested by Ichino et al. (2008) and Rosenbaum and Rubin (1983) . Both papers investigate how including a hitherto binary unobservable might change the estimate of a treatment effect.
They assume that assignment to treatment is not unconfounded if the unobservable is excluded, but becomes so once it is controlled for. Ichino et al. (2008) implement this idea for treatment effects estimation using propensity score matching, and propose a simple way of parameterising the distribution of the binary unobservable. Partitioning the set of observations into four quadrants according to (binary) treatment status and (also binary)
outcome, four corresponding probabilities that the unobservable equals one are specified.
13
Monte-Carlo draws are used to construct the unobservable such that it conforms, on average, to this set of probabilities. The treatment effect is then re-estimated for each draw having included the unobservable as a covariate, and this exercise is repeated across multiple draws and with different combinations of the probabilities characterising the unobservable.
We adapt Ichino et al. (2008) 's method for characterising the distribution of the unobservable, even as our set-up is more similar toRosenbaum and Rubin (1983) who use a logit model to estimate the effect of a binary treatment on a binary outcome. In our case, 'treatment' is the categorical variable of caste-group belonging, and outcome is the binary loan-approval. Caste-group cannot be manipulated in reality, but conceptually we are studying the consequences that would arise as if it could. And any caste-wise differences in loan approval calculated by averaging over the full sample (as we did in table 3) are in effect estimates of this treatment effect.
Further, our focus is on potential discrimination against STs. Therefore, while we include all four caste categories when analysing caste-wise probabilities of loan approval, we simplify caste to STs and non-STs for the purpose of constructing the unobservable 'credit histories'. This maintains tractability, but more importantly, is intuitively appealing: our results thus far suggest that differences in loan approvals between Brahmins, OBCs and SCs are negligible, and it is the gap between these groups and STs that potentially suggest institutional discrimination.
Constructing the unobservable
Let H denote hitherto unobserved credit histories, where for household i, H i can either 
Then the set {p 00 , p 01 , p 10 , p 11 } fully characterises the distribution of H. Now, let θ ij denote the proportion of the sample in each of the sets {Y = i, ST = j} where i, j ∈ {0, 1}. And let the proportion of STs (non-STs) with good credit histories be denoted µ ST (respectively, µ nonST ).
Then
p 10 θ 10 + p 00 θ 00 = µ nonST
An intuitive way of interpreting these numbers is as follows.
Suppose that banks base loan approval at least in part on the presence of a good credit history, and let P rob(Y = 1|H = 1, ST = i) = b ST =i where i ∈ {0, 1}. Taste-based discrimination on the part of banks would lead to different values of b for STs and nonSTs, whereas purely statistical discrimination would not. To be conservative in our analysis in an attempt to see if statistical discrimination can be ruled out, we assume a
Also, we want to investigate whether STs having poorer credit histories could be an explanation for the apparently lower rates of loan approval. Therefore we assume that µ nonST > µ ST . Let ST gap = µ nonST − µ ST , i.e. the proportion by which non-STs have better credit histories than do STs.
We can now rewrite equations 3 and 4 as
bθ 10 + p 00 θ 00 = µ ST + ST gap
Since p 01 and p 00 can be calculated using 5 and 6, the distribution of H can be fully characterised in terms of three parameters: the degree to which banks base loan approvals on credit histories (b), the proportion of STs with good credit histories (µ ST ), and the gap between this proportion and the corresponding (assumed higher) proportion for non-STs
Note that not all combinations of {b, µ ST , ST gap } are feasible. Rearranging 5 and 6 we get
Furthermore, since each of b, µ ST , and µ ST + ST gap are proportions:
In general, ST gap cannot be very high unless b is high too. 
Small farmers
The Reserve Bank of India has long recognised the challenges faced by small and marginal farmers in accessing agricultural loans. Its policy guidance has encouraged banks to set aside a proportion of overall lending for the 'priority sector', and within this certain 'weaker sections', which include small farmers (Reserve Bank of India, 2007) . Small farmers are defined by land holdings of 5 acres or less. Therefore, we next estimate our results separately for small farmers and for farmers who own more than 5 acres of land, to examine whether there is supportive evidence towards this policy's effectiveness.
The top half of table 4 presents these results. As in the preceding section, the model specification used includes all available covariates, and appendix A presents the full regression results. We can see that inter-caste differences in application rates are stark only for large farmers. For small farmers there exist minor differences suggestive of the pattern we witness in the full sample, but their magnitude is far smaller. Similarly, looking at loan approvals, potential discrimination against STs is apparent only for large farmers;
for small farmers the loan approval rates are indistinguishable across caste groups. 
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This suggests that RBI guidance for lending to weaker sections may well be proving effective, even though our data do not allow us to examine this question directly. Not only are loan approval rates essentially equal across caste groups for small farmers, they are also slightly higher than the corresponding rates for large farmers. The same goes for loan application rates, in that small farmers are slightly more likely to apply for loans, and significant inter-caste differences exist only for large farmers. It would appear that banks use less discretion in lending to small farmers, and having experienced this willingness over time, small farmers are more likely to apply for loans.
States with significant ST populations
We now analyse our findings further by focusing on two issues of specific policy relevance:
the demographic significance of STs, and the role of land ownership.
First, and as table 1 shows, STs are a substantive proportion in a few states but a very small minority in most others. It is possible that patterns of loan application and approval are different for states which have substantive ST populations, therefore we reestimate our results for these and the remaining states separately. Five states in our sample have an ST population proportion of at least 20%: Jharkhand (50%), Chhattisgarh (42%), Madhya Pradesh (21%), Orissa (21%) and Gujarat (19%).
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The bottom half of table 4 summarise the loan application and approval probabilities for these five states and the remaining 13 states. The specification used is the same as model 4 in table 2, which uses all available covariates. Full regression results are presented in appendix A.
These probabilities suggest that the lower loan approval rates for STs in the full sample Unfortunately we are unable to consider North-Eastern states in our analysis, where STs are a significant proportion of the population and the majority in some. This limitation is due to the sample size available. There are only 33 farmer households in our data who applied for credit in these states, of which 17 received a loan, thus making it impractical to use regression analysis to model any caste-wise differences. That said, these states are also culturally and economically isolated from other parts of India, have sparser bank networks, and are thus likely to be distinct from the 18 states we are focusing on.
Discussion
The Government of India's attempts to deepen financial access by directing banks to lend to SC and ST caste-groups are implicitly based on the assumption that barriers to access lie with lenders. Our analysis partially bears this assumption out, since we find that ST group borrowers are, after controlling for other characteristics, less likely to receive a loan conditional on having applied for one (85% versus 90-93% for the other three caste groups).
However, our analysis also indicates that such directed lending will not alleviate a major component of inter-caste differences in financial access, since there are corresponding, systemic differences between caste groups in loan application rates. Specifically, SCs and STs are less likely to apply for agricultural loans compared to OBC and higher castes. This pattern remains after controlling for various household characteristics, and is qualitatively similar to that of disadvantage and difference in these characteristics. If we take the view that these application rates are at least in part driven by expectations, then it follows that expectations too differ by caste-group in ways similar to incomes, land ownership, or education.
Gary Becker's definition of discrimination places the onus on lenders, wherein discrimination is said to occur if race or other group-based differences remain even after accounting for all characteristics that are relevant to the lending decision. By this definition, if members of one group are characterised by having fewer loans on average because they are less likely to seek credit, these differences would not represent discrimination. Our findings thus indicate that discrimination does likely take place, but while no less serious, it is limited essentially to one caste group (STs). The other inter-caste differences in loan incidence are effectively explained by differences in application rates.
Yet in the Indian context, Dréze et al. (1997) have argued that the distinction between lender discrimination and differences in application rates is largely irrelevant, because any hesitation to apply for a loan in fact reflects differences in expectations that are based on experiences that might span several years or more. That is, lower-caste persons might apply less frequently because they have learned, possibly as a community if not as individuals, that they are less likely to receive loans. In this view caste-wise differences would still reflect discrimination once lending-relevant characteristics are taken into account, but crucially, irrespective of whether a loan was actually applied for or not.
This is an important perspective for understanding the nature and extent of caste-based differences. Nonetheless, we believe that it is crucial to consider loan applications and approvals separately, because the role of caste has different policy implications for each process.
Our finding that caste-wise patterns are largely explained by application rates suggests 24 that policies such as subsidised interest rates or the lowering of collateral requirements are unlikely to reduce all inter-caste differences in credit access. In the short term, loan application rates will be the binding constraint on financial inclusion, and this will improve only once the expectations underlying the demand for credit witness change. The latter changes could take several years whereby these policies, complemented by policies in other realms of economic life, would gradually change borrowers' expectations, helping dissipate the hesitation to seek credit.
However, our finding that STs face lower rates of loan approval suggest that a focus on banks' lending practices, potentially coupled with incentives to lend to ST borrowers, could yield swift improvements for this group. Such policies would be relevant mainly for states where STs are a significant proportion of the population, since we have shown that it is in these states that STs face consistent disadvantage in access to credit. Caste-wise differences in credit access due to banks' unwillingness to lend to STs, potentially due to discrimination, could thus be alleviated. STs would still have lower rates of financial access on account of lower application rates, but overall access would still improve over what is currently witnessed.
Finally, our finding that caste-wise differences are significantly muted for small farmersthose who own less than 5 acres of land -is consistent with the RBI's guidance on lending.
We cannot support this claim directly, but it would seem that the RBI's long-standing encouragement of lending to weaker sections of society, of which small farmers are a part, is effective. Not only do we find no evidence of caste discrimination in lending to small farmers, but crucially, it seems that expectations about obtaining loans are also positive, so much so that small farmer SCs and STs are more likely to apply for loans relative to the full sample. Tables 5 and 6 show the logit regression results for the full sample loan applications and approvals, respectively. All models contain state fixed effects and robust standard errors that account for village-level clustering. Tables 7 and 8 
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A Logit regression results
